Abstract-An optimization model is proposed to manage a residential microgrid including a charging spot with a vehicle-to-grid system and renewable energy sources. In order to achieve a realistic and convenient management, we take into account: (1) the household load split into three different profiles depending on the characteristics of the elements considered; (2) a realistic approach to owner behavior by introducing the novel concept of range anxiety; (3) the vehicle battery management considering the mobility profile of the owner and (4) different domestic renewable energy sources. We consider the microgrid operated in grid-connected mode. The model is executed one-day-ahead and generates a schedule for all components of the microgrid. The results obtained show daily costs in the range of 2.82 to 3.33 ; the proximity of these values to the actual energy costs for Spanish households validate the modeling. The experimental results of applying the designed managing strategies show daily costs savings of nearly 10%.
D
UE to the current development of electric vehicle (EV) technology and its commercialization, the integration of the EV in the optimal management of residential energy systems will become a real need in the medium term. Moreover, the EV penetration levels could be increased if EV users' concern about running out of electricity before reaching their destination is mitigated. This increase would favour the environment aligning with the European energy objectives. Thus, it is necessary to develop an optimal energy management system that integrates the realistic needs of owners to ensure a viable and regular use and an optimal schedule between demand and supply.
Smart-houses are going to be the next step in the distribution energy resources framework. This work will include what is called a residential microgrid, which could contain different generation resources, storage devices and a controllable load. The most common line of research in residential microgrids is the introduction of an optimal demand response system which exploits the demand elasticity and its management through a storage system [1] . In this paper, we maintain these objectives through three types of demand: critical, adjustable and shiftable. Assuming that most vehicles are at home during the night and middle afternoon, owners have at least 12 hours to use their vehicle as an additional storage device. This enables the so called energy arbitrage, which can be considered as one of the main applications of storage systems, and has been widely described in the literature [2] - [4] . To allow this use of electric vehicle batteries, a vehicle to grid (V2G) system is necessary. The energy storage unit or V2G system, as is considered in this work, can purchase energy at off-peak times when prices are low, and discharge it when prices are high. This process is used to generate savings (or profits) for the energy storage system owner, but may also have a wider benefit in protecting consumers from price spikes as well as reducing power system overloads during peak hours.
From the electric vehicle point of view, we can design optimal strategies in order to provide charge control to consumers, enabling them to overcome the anxiety of being stranded with no battery. We propose adding the term called range anxiety to the model, which prioritizes the charge of the vehicle depending on users' needs. This priority has been split into three levels: immediate, delayed and optimized. We will compare the optimal schedules obtained with these different levels.
The main objective of our work is to find the optimal management of a residential microgrid with the inclusion of a realistic use of local V2G capability. To achieve this goal, the arrival and departure times for the EV and its state-of-charge (SOC), the energy consumption of a household, and the operation of the microgrid components together with the day-ahead electricity prices have been considered and modelled.
A. State of the Art
This work essentially deals with two different problems that are usually treated separately. Firstly, we consider the integration of electric vehicles and vehicle to grid systems. There are many works in the literature focused on the technical definition and control of V2G systems, [5] , [6] or the economical analysis of V2G systems [7] . Reference [8] proposes a model for the assessment of the contribution of V2G systems in the support to energy management in small electric energy systems; they include different energy resources and present a robust optimization model for a small energy systems aggregator with V2G capabilities for participation in the electricity market. Additionally, a thorough literature review in V2G systems including technical specifications and economic analysis can be found. Reference [9] also builds and solves an optimal bidding problem for an aggregator wanting to offer the energy from a set of EVs connected to a V2G system to the ancillary services market. These works present interesting optimization models for the integration of EVs but all of them focus on the point of view of the aggregator of EVs instead of the EV owner. Reference [10] considers the maximization of the owner profits in a parking scenario; an heuristic model is designed to exploit vehicle storage capacities in grid power transactions. Using a different approach, reference [11] studies the integration of EVs' second life batteries in microgrid buildings, and builds optimal equipment combinations to minimize microgrid costs in terms of economic cost, carbon footprint and other criteria.
The second problem addressed is the optimal management of different types of microgrids, on which there is an extensive literature; the most common objective is to minimize operating costs. Published studies differ mainly in their solution techniques and scope of the modeled microgrid. Reference [12] presents a survey on the existing energy management benefits of a microgrid. This survey includes regulatory issues, incentives, environmental issues, ancillary services and metering, economic benefits, algorithms used and their quantification. Some studies closely related to the work presented in this paper can be found in the literature on the optimal management of microgrids. Reference [13] designs a smart energy management system with similarities to the one presented in this work but solved using an heuristic algorithm. Reference [14] proposes a mixed integer programming model to minimize the operation costs of a residential microgrid. They consider both electrical and thermal load since the electric vehicle does not have a V2G system available in this case, it represents a load. Summarizing, both V2G systems and microgrid optimal management are active fields of research but, to our knowledge, no previous work in the literature deals with the optimization of a household smart grid with V2G systems, offering different optimization solutions to the user, depending on their battery performance preferences.
B. Contributions
The main contributions in this paper are listed below:
• An optimal management system for the tertiary control of a household smart microgrid is presented including: -a set of charging points -a set of manageable household appliances -the household load as three different profiles depending on its characteristics -a realistic approach to owner behaviour by introducing the novel concept range anxiety • A V2G system is included in the household smart microgrid and optimized.
• The battery wear costs are included into the optimization management.
II. MICROGRID DESCRIPTION

A. Microgrid Control
The operation and management of the microgrid in different modes are controlled by local microsource controllers (MCs) and local load controllers (LCs). A microgrid central controller (MCC) is responsible for the overall coordination (see Fig. 1 ). Within the MCC, we propose an energy management system (EMS) composed of three management levels: tertiary, secondary and primary. These levels correspond to different time horizons and objectives: 1) Tertiary energy management: minimizes the economic cost of the operation of the microgrid considering weather, loads and mobility profile forecasts for the next 24 hours. Runs every 3 hours and every time that the electric vehicle is plugged in. 2) Secondary energy management: minimizes the deviations with respect to the tertiary energy management program (mostly caused by forecasts deviations) taking into account real measurements and forecasts for the next 15 minutes. Runs every 30 seconds. 3) Primary energy management: real time layer, must ensure balance between generation and demand against any unexpected issue (faults, grid disconnection, unexpected load, ). Runs every 3 seconds. In this paper, we will focus on the tertiary energy management because it is the first natural step on the optimal management of a household microgrid. Tertiary energy management is in charge of improving the profitability of the supply and demand balance by minimizing the economic cost. To this end, the system takes advantage of price differences between the peak and off-peak periods of the day and maximizes the use of the renewable energy sources. Daily forecasts regarding weather and demand are used as an input together with the energy price offered by the energy retailer. The final result is the optimal energy schedule for each quarter of an hour period within the 24 hours optimization horizon. The tertiary energy management time scope is divided in periods of 15 minutes, since in most European countries generation group deviations are calculated on a 15 min basis.
B. Microgrid Components
The residential microgrid considered for this work corresponds to one household and it is described in Fig. 1 . For the case in study, 3 LCs are needed, one for each different type of managed demand. The distributed energy resources considered are a micro-wind turbine, a photovoltaic module, and the battery of an EV.
The installed capacity of the considered components match the Spanish average on domestic field. This ensures that the obtained results are applicable.
C. Household Load
The electric demand of the Microgrid is grouped into three different profiles depending on the extent to which the load can be controlled.
• Critical load (or non-controllable load): derives from devices or systems with a demand that must be compulsorily supplied to avoid user's dissatisfaction, such as lighting.
• Adjustable load: in case of contingency, a part of the household demand could became controllable in order to avoid a system fail. This quantity depends on the number of remote-controllable appliances. If a load management is necessary, some characteristic of the device will be remotely changed, decreasing the level of consumption during a pre-established period, for instance, the temperature level of an air conditioning.
• Shiftable load: the load profile for these devices can be shifted through the planning horizon. The EV demand is shiftable within the limits imposed by the available time to meet the load.
D. Market Policy
The optimization procedure depends on the market policy adopted in the microgrid operation, with the MCC in charge of applying them. Different market policies can be found in the literature; this work focuses on maximizing the benefit of the microgrid system by buying and selling power to the grid [15] . A day-ahead approach has been considered, where the retail provider gives to the management system the 24 hourly prices for the next day.
III. MATHEMATICAL MODEL
The described microgrid is managed through an optimization algorithm implemented in the MCC. This algorithm is based on a mathematical programming problem which takes into account the technical constraints of all the included elements and minimizes the total system costs. The mathematical models for each component of the household microgrid are described below.
A. Electric Vehicle
The key aspects of the EV modelling are the battery performance together with user needs. The EV battery life depends on the charging-discharging cycles. Fig. 2 is a piecewise function which represents the manufacturer's recommendations for the discharging process of the EV's battery. It can be seen that the battery can be charged or discharged between two technical limits, the minimum and maximum state of charge levels. Moreover, between the minimum SOC and a certain limit , the discharging power is limited by a linear function depending on the punctual SOC.
Let be a set of periods where the EV is plugged to the charging point. Equations (1)-(3) define the power bounds for both of the charging and discharging processes:
where are binary variables expressing the charging/discharging status of the battery of the associated EV:
• if the EV is charging in period • otherwise and, represents the charged power to the EV battery and represents the discharged power from the EV battery. Let be the energy required by the vehicle while it is not connected i.e., the energy that will be used by the vehicle in the periods . This demand affects to the state of charge , let be defined as:
then, the state of charge must be calculated in all periods considering the following relation:
where if . Each charging point only allows a single EV to be plugged at each period , the following constraint ensures that the number of EVs plugged is lower than the number of charging points, : (6) where:
• if EV is plugged in the charging point at period • otherwise The variables associated with the charging/discharging processes of EV can only take positive values at those potential charging periods where the variable :
B. Interconnection Point
At a given period the microgrid must be either selling or purchasing energy from the grid (but not both simultaneously) through a grid tie with capacity :
where:
• if the microgrid is selling the power surplus • if the grid is feeding power to the microgrid This set of variables is needed because the cost associated with the access tariff must be paid regardless of whether the microgrid buys or sells power to the grid.
C. Demand 1) Critical Load:
As aforementioned, the critical load corresponds to the non-controllable one, such as lighting. This critical load is represented through the parameter . This load is always delivered.
2) Adjustable Load:
The adjustable load corresponds to devices that can be lightly controlled in their demand request, such as air conditioning (if you increase or decrease the temperature set, the consumption will be increased or decreased).
represents the load profile of this set of devices. (10) If there is not enough generation to deliver all the demand, the optimal value for the adjustable load variable will be lower than the forecasted one . This undelivered load is penalized in the objective function through the term . The purpose of introducing this penalization is to guarantee that the adjustable load is the last element to be undelivered. This penalization term is removed in the economical analysis of the results. Notice that if is equal to , this load become critical for this device and time interval. Moreover, if is equal to zero, this device can be turn off.
3) Shiftable Load:
The shiftable load is the one corresponding to the devices that can be moved through the planning horizon. Each appliance has a load profile during . This load profile gives the power that must be supplied for each time interval during the whole appliance cycle. For example, during the 1 h 30 m cycle of a washing machine, there is a load vector for each 15 minutes. Let be a set of binary variables which determines the instant in which the device is started:
• if is the start-up period of appliance • otherwise Equation (11) assures that during the optimization period each appliance starts just once. 
D. Renewable Resources
The renewable resources generation depends on the forecast for the meteorological data: irradiation, temperature and wind speed. The maximum power available for the photovoltaic module and the micro wind turbine is modelled by means of the forecast values following [16] , [17] . Equations (13)- (14) model the operational bounds for the renewable resources in each period : 
E. Power Balance Equation
The system load covering constraint imposes the balance between the total power production and consumption: (15) The left-hand side of (15) corresponds to the total available power in the microgrid at time period t: the expected wind and PV generation, the scheduled discharged power from the EV and the power purchased the grid. The right-hand side collects the total load: the critical and shiftable load, the power fed to the EV and the power sold to the grid.
F. Range Anxiety
As discussed, one of the main issues on the electric cars framework is the range anxiety effect. Range anxiety is defined as the fear of running out of energy before the destination has been reached. To manage this potential problem, the model includes a term in the objective function (16) that represents, by means of a penalty parameter, the possible policies of this range anxiety effect. (16) where is the economic penalty representing the cost for every kWh up to the full battery level. To evaluate the behaviour of this parameter and its influence in the results, a set of tests with different values of have been performed. From these tests (see Fig. 3 ), we can conclude that there are three values which can represent the different performances:
• The lower value, represents the model without range anxiety management, the objective function will omit this term and the EV charge can be either shifted and adjusted along the optimization time horizon.
• The medium value, , represents an intermediate behaviour, where the battery charge-discharge cycles are not as flexible as in the previous case.
• The upper value, , represents the risk averse user, where the battery is fully charged as soon as possible, which puts the EV charge on the same level of the critical load. Any highest value will produce the same effect as ; it can be seen as the technical limit for this parameter. As the range anxiety inclusion represents one of the main contributions of this work, these three options will define the three test cases analysed. Table I summarizes these values and defines the three optimization levels, denoted optimized, delayed and immediate respectively.
G. Objective Function
The goal is to minimize the economic costs associated with the exchanged energy between the grid and the microgrid: where (17) corresponds to the cost associated with grid tie. This term includes the cost of access to the grid and the vector of final energy prices .
(18) accounts for the discharged energy from the EV's battery. This cost is calculated considering the reduction in the number of complete charge/discharge cycles that a battery can perform before its nominal capacity falls below 80% of its initial capacity [18] . (19) penalizes the undelivered adjustable load.
H. Problem Formulation
The set of constraints listed above together with the objective function define a mixed-integer linear program (MILP).
IV. RESULTS
The model has been implemented in C language and has been solved using CPLEX 12.5 with standard options [19] . As defined, three study cases are analysed in this paper, each one of them corresponding to different RA value, (see Table I ). The underlying idea is that the algorithm will be adapted to the type of user that wants to manage its smart-house. In this way, depending on the user's level of range anxiety, one of the three scenarios will be implemented. The first two tests allow the management system to control the electric vehicle battery when plugged-in, while the third test is equivalent to the case without an energy management system, considering that the charge of the battery starts as soon as the EV is plugged in. This third test can be seen as the baseline case for the economic analysis of the management system. The data used for the tests comes from different sources, all of them for a working summer's day. The tests are performed considering one EV with its charging point and the microgrid elements with the characteristics summarized in Table II . The selected profiles for both EV mobility and household load correspond to the Spanish Mediterranean area. The mobility profile, including the EV demand, has been obtained from [20] . In the case of the household load, we have used the database from [21] . The weather data used was collected directly from our laboratory (Barcelona, Spain). For the selected scenario, we have only chosen one shiftable load profile: [21] . Finally, the final energy prices belong to the Spanish Electricity Market [22] . All data is available for interested readers. The solution of each test case generates the energy scheduling for the next 24 hours with quarter hour intervals. This energy scheduling is detailed for every element in the microgrid, so we have the optimal operation of all the elements for the next 24 h. The results are presented in Figs. 4, 5 and 6, each one corresponding to T.1, T.2 and T.3 respectively. Abscissa axis correspond to the time horizon (hours) while ordinate axis correspond to active power (kW). Positive values on the active power axis correspond to generation while negative values represent consumption. In each period, the amount of energy provided or consumed by each source or device is represented by a vertical bar with a TABLE III  SUMMARY TABLE OF NUMERICAL RESULTS discontinuous line on the secondary ordinate axis represents the market energy price in /kWh.
A. T.1: Optimized Mode
In this Optimitzed mode test, the term (16) for the RA is not considered in the objective function. Fig. 4 shows the energy schedule for test T.1. It can be seen how the V2G system usage at night allows energy arbitrage between price peaks. Specifically, as the EV's battery is recharged during the early morning hours when the price is lowest; this energy stored in the battery can supply the household load between 10:00 and 12:00 without buying energy from the grid. Moreover, some surplus of renewable energy is expected. This surplus energy will be sold to the grid providing a benefit to the owner between 10:00 and 11:30, and will be used to recharge the EV's battery at 16:30. As can be expected, the washer load has been scheduled during the off-peak hours (between 4:00 and 6:15).
B. T.2: Delayed Mode
In the second test case, the objective function is modified by adding the term associated with the range anxiety with an intermediate value. Fig. 5 shows the effect of the range anxiety on the delayed mode (T.2). In this case, the battery starts to be charged as soon as the owner arrives at home at 14:45 to minimize the RA during the evening. However, as in the previous test, the EV's battery supplies the household load at night but the energy provided is lower than in the previous results. The washer load is also supplied during the off-peak hours. The main difference is that the charging process of EV is brought forward to 2:00.
C. T.3: Immediate Mode
In the third test (Fig. 6) , the user is defined as risk averse, the range anxiety is set at the highest value. Due to this fact, the EV's battery is charged as soon as the EV is plugged into the charging point and it is never discharged during the plug-in time. The other elements in the microgrid perform similarly to in the previous cases, with the only exception being the energy exchange with the grid tie which is higher during peak hours due to the absence of the EV battery energy resource.
D. Comparisons
For summarizing the results, Table III the benefit attributable to the percentage reduction in daily costs for each test compared to T.3.
3) The cost per consumed kWh defined as the daily cost divided by the total daily load. 4) The average SOC of the EV's battery during the hours where the EV is plugged into the charging point. Table III shows that the best economic result is the one for T.1 (where there is no range anxiety control), with the cheapest daily cost (2.816 ) and the best average cost per consumed kWh (0.063 ). These costs represent a daily saving of 15.5% compared with the baseline case (T.3). It must be noted that T.1 is the best from an economic perspective but from the point of view of the user, the EV is not ready for starting a trip at any moment, since the SOC may be lower than necessary. This may be problematic for the owner, although this issue is partially controlled since the minimum level of SOC required by the owner before the scheduled departure is always guaranteed by the management system. The second and third tests obtain an average SOC much closer to the maximum SOC. Specifically the mean SOC level for the optimized test is 49.2%, for the delayed test is 82% and for the immediate test it is 98%. In all cases, the SOC at 7:00 is 100% as the requested by the user. Regarding the load supply, in these study cases the adjustable load is always delivered because there is enough energy available. The shiftable load is allocated during the off-peak hours in line with the lower energy prices. The average annual cost of energy supply in Spanish households is around 990 [21] (average daily cost of 2.71 ). The results obtained show daily costs in the range of 2.82 to 3.33 . Therefore it can be concluded that the results obtained in this work are highly representative due to their proximity to actual energy costs for Spanish households.
V. CONCLUSION
In this paper, we have presented an optimal management model for a smart-house with a V2G system, a set of manageable domestic devices and two renewable sources. This model aims to be generic and to consider various microgrid configurations. It is designed to allow the selection of the different elements thanks to their independent formulation. The optimal management system is formulated as a MILP problem for the tertiary control of a domestic smart microgrid. The main objective was to optimize the V2G system integration into a smart-house. In this management system, not only energy costs are considered but battery wear costs are also introduced in the minimization. Finally, in order to provide charge control to consumers, a novel concept defined as range anxiety has been introduced. Three test cases have been defined using three different range anxiety levels and have been compared, yielding the following results:
• The potential savings of V2G are highly dependent on the system flexibility. Since this flexibility is directly related to range anxiety, the system's potential savings are also very dependent on the level of range anxiety established.
• Savings obtained for the optimized case (zero range anxiety level) are up to 15.5%, while they are reduced to 9.45% for the delayed case (medium level range anxiety).
• The vehicle availability, measured as the average battery SOC while the vehicle is parked, is 49.5% for the optimized case, increasing to 82% for the delayed case.
• Results obtained shed some light on the question of when V2G will become commercially viable as a consumer application if set-up costs of V2G systems are compared to the saving potentials. Moreover, the introduction of different types of load profiles allows the management system to control and operate with the load through the optimization horizon. Specifically, the shiftable load is allocated in the off-peak hours, producing savings in the global costs. Moving more devices from the critical load to the shiftable one would increase this effect. Further research is required for testing primary and secondary control layers in real field conditions. In this way the technical feasibility of the proposed control system could be assessed. Furthermore, in order to enlarge the scope of the analysis, the effects of grouping V2G systems should also be also included by means of considering a whole distribution network.
